We study the e↵ects of crude oil price shocks on the stock market volatility of the G7 economies. We rely on a structural VAR model to identify the causes underlying the oil price shocks and gauge the di↵erential impact that oil supply and oil demand innovations have on financial volatility. We show that stock market volatility does not respond to oil supply shocks.
Introduction
The relationship between stock markets and macroeconomic and financial variables has been widely investigated (see, for example, Engle and Rangel (2008) , Güntner (2014) , Kang and Ratti (2013) and Kilian and Park (2009) ). One of the relevant topics in this area is the interaction between changes in the price of oil and stock market volatility (see Bastianin and Manera (2016) , Degiannakis et al. (2014) , Jung and Park (2011) and Kang et al. (2015) ).
Our paper examines and compares the features of this relationship in the G7 countries.
This study is based on the belief, shared by most academics (see, e.g. Kilian (2008b) and Hamilton (2013) ), that the price of oil is endogenous and driven by innovations to both demand and supply. According to the work of Campbell (1991) , unexpected returns are related to innovations to dividend growth rates and expected returns. If these two variables were observable, it would be possible to identify the relative contribution of each component to unconditional stock variance. In practice, innovations to dividend growth rates and expected returns are estimated through a regression on macroeconomic and financial variables, which implies that a relationship exists between volatility and macroeconomic and financial variables, including oil price shocks (see Engle and Rangel (2008) ).
However, the impact of oil price shocks on stock markets is still unclear. The work of Kilian (2009) pointed out that the origin of shocks to the price of crude oil is a key determinant of its e↵ects on financial and macroeconomic aggregates. Kilian (2009) shows that the price of crude oil is determined by three distinct structural shocks: innovations to global crude oil supply, to aggregate demand for all industrial commodities and to oil-specific demand, which could also be considered as precautionary demand.
We rely on a structural Vector Autoregressive (VAR) model which includes the equations describing the oil market, as modeled by Kilian (2009) , and the realized volatility equation to represent the relationship between oil market and stock market.
This approach has already been used by some authors to investigate the impact of shocks to the price of crude oil on aggregate stock market volatility. Bastianin and Manera (2016) focused on the U.S. stock market; Degiannakis et al. (2014) considered the European market, while Jung and Park (2011) compared Norway and Korea. The aim of this work is to compare the responses of stock market volatility to oil price shocks across G7 economies.
It is well known that economies with di↵erent characteristics react di↵erently to innovations to the price of crude oil (see Baumeister et al. (2010) , Jiménez-Rodríguez and Sánchez (2005) and Kilian (2008a) ). Among the G7 countries, three are oil producers (the U.S., Canada and the U.K.), but only one is a net-exporter (Canada). As of 2012, the U.S. and Japan were the first and third largest world net-importers of crude oil 1 . The U.K. became a net-importer in 2005, while from the early eighties to 2004 it was a net-exporter 2 . Therefore, the data at our disposal cover a variety of economies, allowing for a wide comparison.
We show that stock market volatility does not respond to oil supply shocks; on the contrary, demand shocks impact significantly on the variability of G7 stock markets. Aggregate demand shocks cause an initial volatility decrease in all countries, which lasts about five months. In the long-run the sign of the responses of volatility switches to positive in Canada, in the U.K. and in the U.S., but the positive response is statistically significant only in the case of Canada. Shocks to oil-specific demand depress volatility on impact, but are followed by a rise of volatility that lasts for about ten months in most countries. Robustness checks proved that these results are not a↵ected by changes in the volatility proxy or in the sampling frequency of the data.
The rest of the paper is organized as follows. Section 2 describes data and methods, 1 We calculated net-exports as the di↵erence between exports and imports of crude oil, including lease condensate, reported in the International Energy Statistics published by the U.S. Energy Information Administration (EIA). Using these data, the four most important net-importers of crude oil in 2012 were: the U.S. (9413 thousand barrels/day), China (3978 thousand barrels/day), Japan (3724 thousand barrels/day), India (3185 thousand barrels/day). Net-imports of Germany, Italy, France and the U.K. amounted to 1884, 1493, 1158 and 512 thousand barrels/day, respectively. The 2012 ranking of net-exporters is as follows: Saudi Arabia (6250 thousand barrels/day), Russia (4835 thousand barrels/day), Iran (2297 thousand barrels/day), United Arab Emirates (2181 thousand barrels/day). Canada was ranked eighth and its net-exports totaled 1734 thousand barrels/day. -oil-and-petroleum-production-imports-andexports-1890-to-2011) .
while the results are discussed in Section 3. Some robustness checks are reported in Section 4, while Section 5 concludes.
2 Data and methods
Data
We rely on a structural VAR model for z t = [ prod t , rea t , rpo t , RV t ] T for each of the G7 countries, namely Canada, France, Germany, Italy, Japan, the U.K. and the U.S.. We estimate the model using monthly data over the sample February 1973-January 2015.
The first three equations describe the global market of crude oil through the annualized percent change in world crude oil production, prod t , an index of real economic activity, rea t , and the real price of crude oil, rpo To measure the volatility of stock markets in the G7 countries we compute realized volatility, RV t , using the Morgan Stanley Capital International (MSCI) country indices. Following Schwert (1989) , we calculate monthly realized volatility as the mean of the squares of daily real log-returns 4 :
where N t is the number of trading days in month t and r j:t is the daily real log return of the 3 prod t is defined as 1200 ⇥ ln(prod t /prod t 1 ). Monthly world oil production is available starting from January 1973 in the EIA Monthly Energy Review (Table 11 .1b). rea t was introduced by Kilian (2009) and is available on the author's website. It is based on dry cargo ocean shipping rates. The refiners' acquisition cost of imported crude oil, available from the EIA, is used to calculate rpo t . Since the MSCI indices are based on the price returns in local currency, while the price of crude oil is denominated in U.S. dollars, we take the fluctuations of exchange rates into account. In doing so we follow Güntner (2014) and convert the refiners' acquisition cost of crude oil from U.S. dollars to domestic currency using bilateral exchange rates, as reported by the exchange rates archives of the Bank of Italy. The price is deflated using the CPI for all Urban Consumers of each country, available from OECD. rpo t is the logarithm of the deflated price expressed in deviations from its sample average.
4 Real returns are based on interpolated CPI as suggested by Lunde and Timmermann (2005) .
j-th day of month t. The annualized realized standard deviation, (252 ⇥ RV t ) 1/2 , is used for the analysis.
Identification and construction of the structural VAR model
The structural VAR representation is
where " t is a vector of serially and mutually uncorrelated structural innovations. Reducedform VAR residuals, e t , are given by: e t = A 
The first three rows of the model are based on the hypothesis of a global crude oil market characterized by a vertical short-run supply curve and a downward sloping short-run demand curve.
Exclusion restrictions may be motivated as follows. Crude oil production is only driven by exogenous shocks to oil supply; due to the costs of adjusting the production level, it responds to demand shocks only with delay. Real economic activity immediately reacts to aggregate demand shocks, which identify shifts in the demand of all commodities, including crude oil. The innovations specific to the oil market, which can be considered as precautionary demand shocks, do not influence the global business cycle within the same month.
Restrictions in the third row indicate that changes in the real price of oil instantly reflect supply shocks and both aggregate and oil-specific demand shocks. Finally, realized volatility responds to all the structural shocks related to the oil market, as well as to the residual category capturing other innovations to stock market volatility. We assume that innovations to the variables describing the global oil market are predetermined with respect to domestic stock markets, which implies that stock price volatility has no instantaneous impact on the real price of oil. This assumption has been used by several authors (see e.g. Kilian (2008b) , Kilian and Park (2009) , Degiannakis et al. (2014) and Güntner (2014) ) and is supported by empirical evidence in Kilian and Vega (2011) . Figure 1 shows the responses of realized volatility to di↵erent oil shocks in each of the G7
Results
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countries. The shocks presented are expected to generate an increase in the price of crude oil.
Thus, we consider a negative oil supply shock, which represents an unpredictable decrease of oil production, and positive shocks to aggregate and oil-specific demand.
The leftmost column shows that oil supply shocks do not have a significant impact on volatility. In all countries the response is close to zero and statistically insignificant. On average, during the period 1975-2015, stock market volatility has not responded to oil price shocks originating from the supply side, neither in oil-importing nor in oil-exporting G7 countries.
From the second column we see that a positive aggregate demand shock immediately reduces volatility in all G7 countries. This decrease is significant at the 68% level and lasts up to six months. Eleven months after the shock the sign of the response becomes positive for Canada, the U.K. and the U.S., although it is significant at the 68% confidence level only for Canada, where the higher level of volatility is persistent.
This pattern might be explained considering the two simultaneous e↵ects of an unexpected increase in aggregate demand. On the one hand, this innovation could be interpreted as good news by stock markets and reduce volatility, since a positive shock to aggregate demand implies increased economic activity and lower uncertainty about future cash flows.
On the other hand, higher aggregate demand could trigger a rise in the price of oil and slowdown the economy, causing an increase in volatility.
The impulse response functions for the G7 economies indicate that initially the first e↵ect prevails and volatility decreases in all countries, while in the medium-run the second e↵ect is stronger and boosts volatility in the U.K., the U.S. and Canada. The fact that an oil net-exporter, such as Canada, experiences a significant increase in volatility after a year might be due to its high degree of energy intensity 5 , which implies that if the price of crude rises industry costs will undergo a major increase and thus boost volatility.
The third column presents the response of volatility to oil-specific demand shocks. The countries showing significant responses are Canada and the U.S.. They follow a similar path, which consists of an initial decrease in volatility and a switch to positive response after three to four months. The positive sign is significant at the 68% level for the U.S. for seven months.
In Canada, the positive sign is significant at the 95% level from the fifth until the eleventh month after the shock, then its significance decreases to 68% until the fifteenth month. After more than a year the response returns close to zero. The initial decrease in volatility might be due to the fact that when an oil-specific demand shock occurs investors are not sure whether it is caused by higher aggregate demand or by higher precautionary demand. The volatility increase in the next months could indicate that higher precautionary demand, which being strictly related to expectations about future oil supply shortages, reflects macroeconomic uncertainty and therefore higher stock market volatility.
The responses of volatility in the U.K., France and Germany are similar to those above, but the e↵ect is only significant at the 68%.
In Japan a positive oil-specific demand shock causes a permanent decrease in volatility that on impact is also statistically significant at the 68% level.
Lastly, also in Italy the initial response of volatility to an oil-specific demand shock is negative and statistically significant using the 68% confidence interval only for the third month, while it remains close to zero the following months.
Overall, the initial response of stock market volatility to a positive oil-specific demand shock is negative in all G7 countries, with slightly di↵erent timing. In a few months the sign switches from negative to positive and remains above zero for almost a year in all countries but Japan and Italy, where the response reverts close to zero in five months.
In conclusion, the interpretation of the estimated impulse response functions highlights two main results. First, as pointed out by several related studies (see Bastianin and Manera (2016) , Jung and Park (2011) and Kilian and Park (2009) among others), the impact of oil price shocks on stock market volatility depends on the origin of the shock. In particular,
we found that volatility is primarily driven by oil price shocks originating from the demand side of the market. Second, the stock markets in the G7 countries, despite the di↵erences in their economies, have very similar reactions to oil shocks. The analysis does not identify substantial contrasts in the responses of volatility in oil importing and exporting countries.
These results di↵er from those of the study by Jung and Park (2011) , which compared the relationship between stock market volatility and oil price shocks in Norway and South Korea, a net exporter and a net importer of oil respectively. They found that reactions to oil price shocks are di↵erent in oil-exporting and oil-importing countries, but this could be due to some discrepancies between our analysis and their study. Table 1 shows the percentage contributions of each oil market shock to the overall variability of stock market volatility, based on the forecast error variance decomposition of the structural VAR models presented earlier.
Forecast Error Variance Decomposition
The results indicate that in the first month the contribution of oil market shocks to volatility is close to zero. As the horizon increases, the e↵ects of shocks to aggregate demand and oil-specific demand gain a little more importance, while the contribution of oil supply shocks is negligible over the whole period considered.
In a year and a half the contribution of aggregate demand shocks to volatility is about 6% in all countries, except in France where is less than 5%. This percentage increases through time, exceeding 8% in Canada, the U.K. and the U.S. after five years.
As for the influence of oil-specific demand shocks, it also grows over the years, always remaining lower than the contribution of aggregate demand shocks. The only exception is Canada, for which the contribution of precautionary oil demand shocks is higher than that of aggregate demand shocks during the second year (twelfth and eighteenth months).
At a five-year horizon we can see that in Canada, France, Italy and the U.S. the oilspecific demand shocks explain 5.5 6.5% of stock market volatility, a magnitude that is close to the contribution of aggregate demand shocks. In the remaining countries the percentage is slightly lower, 3.5 4%, and the di↵erence with the contribution of aggregate demand innovations is more noticeable.
At a five-year horizon aggregate demand shocks and oil-specific demand shocks jointly explain at least 10% of stock market volatility in G7 countries, ranging from a minimum of 10.17% in Germany to a maximum of 14.93% in Canada.
Overall, the results of the variance decomposition confirm the findings in the previous subsection, namely that volatility in all the G7 countries is mainly influenced by innovations to the demand side, especially to aggregate demand.
Robustness checks
The structural VAR model was specified relying on realized volatility as a volatility proxy.
To verify the robustness of our results, we have estimated the same model using two di↵erent volatility proxies.
The first alternative proxy considered is the logarithm of RV . This measure was chosen because stock return volatility is positively skewed and leptokurtic and hence researchers often replace it with its logarithm (see Andersen et al. (2001) ). Figure 2 shows that the impulse response functions of the logarithm of realized volatility do not di↵er from those presented earlier.
Another common proxy for stock market volatility is conditional volatility estimated with a first-order Generalized Autoregressive Conditional Heteroskedasticity model, GARCH(1,1).
The results, shown in Figure 3 , are qualitatively similar to those obtained by considering realized volatility.
The last robustness check considers a quarterly sampling frequency, which is often used by central banks in the specification of macroeconomic models. We estimated a structural VAR model of order 8 with quarterly data. From the impulse response functions in Figure   4 we can see that the results are robust to alternative sampling frequencies.
Conclusions
Understanding the relationship between oil price shocks and stock market volatility is important to handle market uncertainty. On this respect, additional useful insights can be gained by comparing the reactions of stock markets in di↵erent economies.
Our paper investigated the relationship between oil market shocks and volatility with a structural VAR model for each of the G7 countries.
Disentangling the causes of oil price shocks proved crucial in understanding the response of volatility. We found that in all countries shocks to the supply of crude oil do not a↵ect volatility, while demand-side shocks, especially aggregate demand shocks, do influence volatility and in the long-run they explain at least 10% of its total variability.
G7 countries react very similarly on impact to aggregate demand shocks and oil-specific demand shocks, while the long-run responses present some di↵erences. With respect to oilspecific demand shocks, we can notice a common movement in the responses of volatility in all countries but Japan and Italy, where they appear more erratic.
These findings have important implications that must be considered while building both macroeconomic and financial models to support the decisions of policy makers and investors. Notes: for each lag, reported on the left, the table compares the forecast error variance decomposition of the structural VAR models of the seven countries. Each row shows the percentage contribution of a shock to the variability of stock market volatility at a chosen lag. Notes: each row shows the estimated response of the realized volatility of the MSCI index of the country, indicated on the left, to a one-standard deviation shock reported at the top of each column. The dashed and dotted lines represent the one and two-standard error bands, corresponding to 68% and 95% confidence intervals. They are based on a recursive-design wild bootstrap with 2000 replications (Gonçalves and Kilian (2004) ). Notes: each row shows the estimated response of quarterly realized volatility to a one-standard deviation shock reported at the top of each column. Quarterly data were obtained by aggregation of monthly data.
Tables and Figures
